Abstract: Eudialyte is a promising mineral for rare earth elements (REE) extraction due to its good solubility in acid, low radioactive, and relatively high content of REE. In this paper, a two stage hydrometallurgical treatment of eudialyte concentrate was studied: dry digestion with hydrochloric acid and leaching with water. The hydrochloric acid for dry digestion to eudialyte concentrate ratio, mass of water for leaching to mass of eudialyte concentrate ratio, leaching temperature and leaching time as the predictor variables, and the total rare earth elements (TREE) extraction efficiency as the response were considered. After experimental work in laboratory conditions, according to design of experiment theory (DoE), the modeling process was performed using Multiple Linear Regression (MLR), Stepwise Regression (SWR), and Artificial Neural Network (ANN). The ANN model of REE extraction was adopted. Additional tests showed that values predicted by the neural network model were in very good agreement with the experimental results. Finally, the experiments were performed on a scaled up system under optimal conditions that were predicted by the adopted ANN model. Results at the scale-up plant confirmed the results that were obtained in the laboratory.
Introduction
Rare earth elements (REE) consist of scandium, yttrium, and the group of 15 lanthanide elements, which are characterized by similar chemical properties and commonly occur in the same deposits [1] . Currently, REE are vital component of many modern technologies, including electric and conventional cars, computers and smart phones, renewable energy infrastructure, and phosphor light [2] [3] [4] . Their unique properties, such as radiation emission or magnetism, allow for REEs to be used in many different therapeutic and diagnostic applications in modern medicine.
Due to the enormous significance that REEs will have in the future, research that is related to REEs is essential in many aspects: mineralogy, location of the world's REE deposits, classic and alternative extraction technologies, etc. Concerning mineralogy, the conventional primary minerals involve bastnaesite, monazite, xenotime, REE phosphate minerals, and ion adsorption minerals. The authors in [5] are focused on REE Mineralogy and Resources, which might be used for the recovery of Heavy rare earth elements concerning to the future green technologies. Bayan Obo in China and Mountain Pass in USA possess the largest carbonatite deposits around the world, which show light REE enrichment.
Ion-adsorption REE ore deposits that are mainly distributed in southern China, and the grade of heavy REE is high in it. Other ore deposits tend to be distributed unevenly globally [6, 7] . Nowadays, above 90% of the REE in the world market is supplied by China, which has abundant rare earth mines. Demand for REE has been constantly increasing in last decades and is expected to grow even stronger in the future [8, 9] . As such, many projects have been initiated all over the world, which seek to find alternative sources of REE outside China [10] [11] [12] . Except the secondary resources, a variety of potential unconventional deposits have also been explored, such as REE-bearing laterite, peralkaline granite, ferromanganese nodules, and silicate deposits, including eudialyte, mosandrite, and britholite [13] [14] [15] [16] . Among the minerals mentioned, Eudialyte is a promising REE resource, which contains 1.5-2% REE [17] . Eudialyte is a somewhat complicated cyclosilicate mineral, which forms in alkaline igneous rocks, such as nepheline syenites. It tends to be rich in zirconium, beryllium, cerium, niobium, barium, yttrium, and other rare earth elements [18, 19] . The typical chemical formula of Eudialyte is Na 4 (Ca, Ce, Fe) 2 ZrSi 6 O 17 (OH, Cl) 2 , but the component of the mineral may be sometimes different because of the zeolite crystal structure, which possesses ion-exchange properties of eudialyte [20, 21] .
The technologies for the REE recovery vary depending upon the characteristics of initial material. Using acid, alkali, or chemical salts to decompose and extract represent the common ones. For example, REE in ion-adsorption ore can be readily extracted with ammonia sulfate solution. To extract REE from eudialyte, technological strategies, like decomposition with sulfuric, hydrochloric, and nitric acids have already been suggested and partly researched in the laboratory. Despite being easily decomposed with acids, the treatment can be very challenging as co-dissolved silica forms a gelatinous mass of the whole suspension [22] [23] [24] . Russian teams [22, 23] studied the hydrometallurgical treatment of eudialyte in an earlier period, and the advisable technology would be a two stage decomposition process by sulfuric acid. Sodium sulfate solution was used to dilute the slurry after the first decomposition by acid, keeping REE staying in the solid as double sulfate salts. REE were recovered in the subsequent stage, washing and converting the sulfates into nitrates or chlorides. However, it required much excess acid to avoid the formation of silica gel [22, 25] . Another choice is reaction with hydrogen fluoride [23] . It was pointed out fluoride ion can facilitate the decomposition of eudialyte as well as prevent gel formation. The major drawback of this process is safety concern as HF is used. After using a beneficiation process (a combination of gravity and magnetic separation), the authors of [26] studied hydrometallurgical processing of eudialyte Norra Kärr (Sweden) through various leaching experiments with sulfuric acid. In this project, dry digestion with HCl was not applied. Rivera et al. have studied the extraction of rare earth elements from bauxite residue (red mud) by dry digestion followed by water leaching through multi-stage circulation of acid in small laboratory scale [27] , but mathematical modeling and process optimization was not performed.
According to the latest research [17] , fuming ("Dry digestion at temperatures about 100 • C"), the addition of an acidic solution to heated eudialyte concentrate, and the subsequent water leaching of the treated concentrate could result to the high recovery of REE with avoiding silica gel formation. Moreover, in the mentioned paper, Davris et al. studied hydrometallurgical processing of eudialyte bearing concentrates, using high concentrated acid to recover rare earth elements via low-temperature dry digestion to prevent silica gel formation. Both fuming and low-temperature dry digestion processes confirmed HCl performs higher recovery of REE when compared with H 2 SO 4 . It was found that dry digestion with high concentrated HCl benefits the extraction of REE and prevents gel formation. The recommended concentration of HCl to decompose the eudialyte concentrate is 10 mol/L [24] .
In this paper, the dry digestion process was studied without external heating. In order to reduce the number of complex laboratory experiments, the design of experiments theory (DOE) was firstly used in order to create an optimal central composite design plan (CCD). This approach for the extraction of rare earth elements is missing in literature, and is not present in the previous work of Voßenkaul [24] . In addition, information on upscaling operations for the treatment of eudialyte is missing in overall literature. In order to obtain the optimal regime for the REE extraction process, based on the realized DOE plan, we performed modeling of this process via Multiple Linear Regression (MLR), Stepwise Regression (SWR), and Artificial Neural Network (ANN). To our knowledge, no previous work has been reported on ANN modeling for the extraction of rare earth elements from eudialyte concentrate by dry digestion and leaching. Our goal was to verify the feasibility of low temperature acid treatment of eudialyte concentrate on a scale-up demonstration plant using the obtained optimal set of process parameters.
Theoretical Background
Theoretical background of applied methods-MLR, SWR, DOE, and ANN-is shown in the following subsections.
Multiple Linear Regression
MLR is used to model the linear relationship between a response variable and one or more predictor variables. MLR model represents a linear combination of regression coefficients β i and regressors, in the form of X = f i (x T ), named basis functions or states:
Vector x is a vector of predictors, β is a vector of regression coefficients, and d is the number of basis functions. In MLR, the unknown coefficients
which were obtained by using experimental results. In matrix notation, the least squares estimator of
Vector Y is a vector of output variables, the fitted model is given byŶ = X·b, and the vector of the residuals is ε = Y −Ŷ [28] [29] [30] .
Stepwise Regression
Stepwise regression is essentially based on semi-partial correlation, which is expressed through the semi-partial correlation coefficient (sr) and the square of this coefficient (sr 2 ). The square of the semi-partial correlation coefficient, for a specific single variable, indicates by how much the R 2 value will reduce if this single variable is removed from the regression equation. R 2 denotes the coefficient of multiple determination.
Let χ be the set of all the independent variables X, and ψ k be the set of all the independent variables X except for x k . Then, the squared semi-partial correlation coefficient is expressed as follows in (1):
Form of expressing semi-partial correlation coefficients may vary, and one of the most common forms is (2):
where t k is the Student's t-statistic value for the kth regressor in the MLR model, residualDF = N − K − 1, denotes the number of degrees of freedom for the sum of residuals, N is number of measurements, and K is the number of regressors. Stepwise regression is explained in detail in [28, 30, 31] .
Design of Experiments
Design of experiment (DOE) was performed in order to decrease the number of necessary experiments, required time, and operational costs. This method stems from the studies of Fisher [32] and Box and Wilson [33] . With DOE, the research hyperspace can be explored with high efficiency, factor interactions can be revealed, and a substantial volume of response space can be covered. In this paradigm, D-optimality criterion is the basis for the design matrix, as denoted by X, which contains a set of experimental points, which lie on the border of the hyper sphere, forming a hypercube [28] .
In order to make this analysis simple, the process variables associated with factors X i are encoded using the following equations,
where k denotes the number of significant factors, X i is an actual value of the ith factor, X 0 represents the arithmetic mean for factor X i (basic level), and w i is the interval of its variation. The actual value of alpha depends of the number of factors: al pha = 2 k/4 and has a value of 1.41 for two factors, 1.682 for three factors, etc. For example, an experimental plan with three factors (k = 3) for first order MLR, in schematic form is given in Figure 1a . In the encoded domain, the highest factor level corresponds to +1, the lowest level to −1, and the basic level to 0. The grey point in the center of the cube is the center point of the experiment design. It is usually expected that the performed experiments shall be repeated in the central point in order to determine the experimental error [28] . Polynomial regression models in the second-order MLR form require additional experimental points. For full factorial orthogonal rotatable central composite design (CCD), additional experimental axial points are at the distance alpha from the central point. Schematic view of design of experiments for this kind of model is shown in Figure 1b .
CCD factorial design is a common approach for research optimization with a limited number of experiments [34] . MLR models of higher order require additional measurements. However, additional experiments would increase the investigation costs.
Artificial Neural Network
Among many different types of ANN, the feed-forward ANN is the most widely researched and used [35] [36] [37] . A feed-forward network has many layers. The structure of a feed-forward ANN is given in Figure 2 .
In Figure 2 X denotes the vector of input variables, Y is the vector of output variables, w (i,h) is a column-matrix of weight coefficients between neurons in the input layer and the first hidden layer, and w (h,o) is a column-matrix of weight coefficients between the neurons in the last hidden layer and the output layer. The term w (q−1,q) ij denotes the weight between ith neuron from (q − 1)th hidden layer and jth neuron from (q)th hidden layer. Values of all the ANN weight coefficients are determined using a learning process. The goal is to minimize the error function (difference between desired and predicted values). One of the most popular ANN learning algorithms is the backpropagation algorithm. According to this algorithm, the error is propagated backward through the network and the weights are updated through a number of iterations ( Figure 3 ). The procedure progresses until it reaches convergence or a given maximum number of iterations [38] . In this work we used some commonly used variations of the backpropagation algorithm: The Backpropagation gradient descent algorithm (BPGD) [39, 40] , the Resilient backpropagation algorithm (RPROP) [41, 42] , and adaptive moment estimation algorithm (ADAM) [43] .
Design of a neural network is determined by various ANN hyperparameters: number of hidden layers, number of neurons in each hidden layer, number of training samples, initial set of weights, the range of initial weights, etc. Some recommendations for hyperparameter choice are given in [44] .
Materials and Methods

Material and Analysis
Eudialyte concentrate from Tanbreez ore exploited in southern Greenland was used as raw material. The name Tanbreez is the acronym of Ta, Nb, REE, and Zr. The chemical composition of the eudialyte concentrate supplied by Geological Survey of Finland (GTK) is given in Table 1 . The composition of eudialyte concentrate and solid residue were analyzed by X-ray fluorescence (AXIOS, PANanalytical, Eindhoven, The Netherland) and the elements in the solution were analyzed by ICP-OES (SPECTRO ARCOS, SPECTRO Analytical Instruments GmbH, Kleve, Germany). The QEMSCAN results in Figure 4 reveal the mineral distribution of eudialyte concentrate by false red color image and the right is the BSE image. The mineral composition and the microstructure were determined by QEMSCAN (Quantitative Evaluation of Materials by SCANning electron microscopy), (FEI/Thermo corporate headquarters, North America Nanoport, Hillsboro, OR, USA). The phase quantification is summarized in Figure 5 . Eudialyte accounts for 67.05% in the eudialyte concentrate and the concentrate contains some other silicate minerals, such as Arfvedsonite, Nepheline, and Feldspar.
Commercial grade HCl (31%) with molarity of 10 mol/L and tap water without further purification were used, both in the laboratory and scale-up plant. 
Extraction Procedure
The operation flowchart is shown in Figure 6 . Dry digestion process with high concentrated 31% hydrochloric acid represented the first step. The molarity of the used acid was 10 mol/L. Taking advantages of the exothermic reaction, the temperature could reach about 80 • C without external heating. The aim was to decompose eudialyte concentrate and form metal chloride salts without silica gel formation by forming silica precipitation. The specified amount of water was subsequently added to the sludge after digestion, achieving REE leaching and allowing low silica to be dissolved into the leaching solution. Therefore, the maximum REE extraction process time (dry digestion and leaching) in the laboratory was 2 h. After filtration and washing the filter cake, a REE enriched solution and solid residue were obtained. 
Experiments and Obtained Measurements of Process Outputs
During research we chose to investigate four factors (k = 4), namely hydrochloric acid to the concentrate ratio (cHCl), water to the concentrate ratio (cH 2 O), leaching temperature (T), and leaching time (t). The chosen parameters were proposed concerning the previous experimental work at the EURARE Project [11] , literature data [17, 24] , and high experience of the authors in hydrometallurgy.
The arrangement of experimental points for k ≥ 4 cannot be visualized, but it is easily described using a design matrix. In accordance with CCD plan, the central point experiments were repeated seven times to guarantee a more precise determination of an experimental error. Eudialyte concentrate mass in all laboratory experiments was 500 g. The total experimental design matrix and the obtained results are given in Table 2 . The average total rare earth elements (TREE) extraction efficiency of all the experiments was over 80%, and the mean value of the central point A17 was 88.756% with a standard deviation of 3.458%.
Correlation analysis offers the following values of the Pearson between predictor variables: cHCl, cH 2 O, T and t at one side, and a dependent variable TREE eff. -TREE extraction efficiency, on the other side: r TREE eff. −cHCl = 0.5631, r TREE eff. −cH 2 O = 0.2640, r TREE eff. −T = −0.0528 and r TREE eff. −t = −0.2082, respectively. According to advice in [45] , the variables should be considered in a regression model only for r > 0.3. However, in order to perform a detailed analysis, the relationship of the leaching temperature and total rare earth elements extraction efficiency is also studied.
Model Setup and Results
Process Modeling in MLR Form
In this paper, we used the following MLR models:
(a) first order multiple linear regression
(b) first order multiple linear regression with interaction effects
where k denotes the number of input factors (k = 4).
The statistical data analysis in this paper was performed in the R programming language [46] . Model adequacy was tested using Fisher's F-test. Model given by (5) was adequate, according to the F-test. Its regression parameters, together with its 95% confidence intervals are given in Table 3 . 
After transforming the predictor variables back into their original value domain, the model takes the form of (8) Figure 7 shows that the percentage of TREE extraction increases as the concentrations of HCl (variable cHCl) and H 2 O (variable cH 2 O) rise, and that the maximum values of extraction are around 90%. Furthermore, TREE extraction efficiency increases with the extension of time from 20 min. (Figure 7a) , to 60 min. (Figure 7b ). Although the model is in the form of a hyperplane (7), i.e., (8) , adequate (F rLF = 3.9 < F t = 4), it can be observed that the process is characterized by high levels of noise, which is indicated by the standard error (s(y) = 3.458072). For this standard error value, it is relatively easy to perform proof of adequacy. In addition to the above, although the model (8) is adequate, its accuracy is very low, as can be seen from the value of its parameters: the coefficient of multiple determination (R 2 = 0.433), the adjusted coefficient of multiple determination (R 2 adj = 0.244), and root mean squared error, which is calculated in total for all of the experiments, is RMSE = 4.668.
This implies the need to describe the process with additional models of class (6) . However, the potential number of such models is over 16,000, so the computational costs for modeling via the brute force method would be too high. For this purpose, the following section uses the SWR paradigm. Second order MLR models are not used, since that would require the expansion of the experimental plan with new experiments, according to CCD strategy.
Modeling with Stepwise Regression
For modeling, which is based on stepwise regression method, SPSS Statistics v24 software (IBM, Armonk, NY, USA) package was used. The initial set of regressors included variables: cHCl, cH 2 O, T, t, cHCl·cH 2 O, cHCl·T, cHCl·t, cH 2 O·T, cH 2 O·t, T·t, cHCl·cH 2 O·T, cHCl·cH 2 O·t, cHCl·T·t, and cH 2 O·T·t. These regressors correspond to linear first order models in the form of Equation (6) .
Model selection method, Forward selection was used, and the Akaike Information Criterion (AICC) was used as the optimality criterion for entry and removal of regressors into or from the model. In the iterative stepwise procedure, a model (2) from Table 4 with accuracy: R 2 adj = 0.413, RMSE = 4.487 was selected. When considering model (8), we deemed the alternative model (1) an oversimplification of the TREE extraction process. Model (2) satisfies the condition of non-multicollinearity (Tolerance > 0.1 and VIF < 10, Table 4 ). In Table 4 , the column Standardized Coefficients Beta shows the influence of the regressors on the dependent variable. Its values represent the coefficients of the regression model, normalized to have zero mean and unit variance. Absolute values of these coefficients describe the influence of individual regressors on the dependent variable TREE eff . From column Sig. it can be seen that both regressors (cHCl, cHCl·cH 2 O·t) give a unique contribution to the model because the corresponding values are less than or equal to 0.05. The magnitudes of individual contributions are expressed through semipartial correlation coefficients, Part, i.e., the squared values of these coefficients (0.441 2 = 0.194481, 0.411 2 = 0.168921). This further extends the understanding of the significance of the observed regressors, and the sum of Part usually differs from R 2 adj due to existence of joint effects. The analytical form of the selected model is given by Equation (9) and its visual representation, for t = const. = 60 min., is given in Figure 8a : TREE eff. = 64.86596 + 10.55357·cHCl + 0.0312·cHCl·cH 2 O·t (9) Like the linear model (8), the linear model with "interaction" variables (9) is adequate (F t ( f R , f E , α) = F t (14, 6, 0.05) = 3.956, F rLF = 3.17, F rLF < F t is adeuqate, σ res = 6.1580326). Model (9) does not contain the T predictor, which confirms previous conclusions that the leaching temperature is not significant. Comparison of models (8) and (9) shows that both models are of similar shape (Figures 7b and 8a) , but that the model with interactions (9) is a bit more accurate (RMSE (9) = 4.487, R 2 adj (9) = 0.413, in comparison with RMSE (8) = 4.668, R 2 adj (8) = 0.244). Linear models (8) and (9) are adequate. However, the relatively low accuracy of the models, the complexity of the REE extraction process as well as the high level of dispersion, which can be observed in Figure 8b , suggest the possibility that the modeled extraction process is non-linear. In this context, the following section considers the application of the ANN paradigm for modeling the given process.
Modeling with ANN
ANN Modeling of TREE Extraction Based on LOO CV
Modeling by artificial neural networks requires a larger amount of data, or a larger number of measurements, than a set of experimental points that were generated by the CCD plan in this study. However, increasing the number of experiments could significantly increase research costs and time. For these reasons, the leave-one-out cross validation (LOO CV) concept, which attempts to generate a stable ANN model from the available data, was applied. This procedure is shown in Figure 9 . Data on the process of TREE extraction (1), based on the realized experiment plan (2) , is stored in the database (3) . In order to increase stability, modeling is carried out with two network topologies: (4) ANN-4/9/1 with four neurons in the input layer, one output, and nine neurons in the hidden layer, and (5) ANN-4/3/2/1 with four neurons in the input layer, one output, and two hidden layers with three and two neurons. Network architecture (4) is based on the recommendations given in [47] , while the network architecture (5) is determined by the trial and error method. Schematic representations of these networks are given in Figure 10a ,b. Each network architecture generates 17 ANN models (N = 17). Models Full ANN k=1 (4a) and Full ANN k=2 (5a) were created on the basis of all 17 input/output pairs, where the 17th pair corresponds to the average measurement at the central point of the experimental plan (A17, Table 2 ). These models represent ANN models, which selected network architectures can generate. In addition, both network architectures (4) and (5) generate 16 ANN models (N − 1 = 16), based on the LOO CV strategy. Leave-one-out Cross validation is a model validation method, which is described in detail in [48] . During each ANN modeling session, we arbitrarily retained in the training set the example that corresponds to the central point of the experiment (A17). In this way, units LOO CV ANN k=1 (4b) and LOO CV ANN k=2 (5b) each generated 16 ANN models, as mentioned earlier. Therefore, for ANN LOO CV modeling, only one sample is in the test dataset, but its exclusion from the training dataset significantly influences the ANN model's form. Due to space, as an example, Figure 12 shows only a few ANN models that were obtained during ANN LOO CV modeling.
The final model (6) on Figure 9 , represents a data table numerical model, based on averaging 34 ANN models, which are generated in total by units (4) and (5) .
Each TREE j point of the data table model (6) is calculated according to the Equation (10):
where
denoted jth point of ith ANN model produced by Full processes (4a) and (5a),
denoted jth point of ith ANN model produced by LOOCV iterative processes (4b) and (5b). In Equation (10), k denoted net topology: k = 1 and k = 2 for ANN-4/9/1 and ANN-4/3/2/1, respectively. 
Simulation and Prediction Based on ANN Models
ANN TREE extraction process modeling was implemented on R platform [46] , using the neuralnet package. Leave-one Out Cross Validation strategy was implemented in R scripts that were written by authors. The developed ANN modeling strategy, as shown on Figure 10 , is completely automated.
For unit (4) (Figure 10 ) and ANN-4/9/1, BPGD learning algorithm was chosen arbitrarily. Sigmoid function and linear function were used in sequence as the activation functions in the three-layer structure. The learning rate took the value of 0.003 while the momentum constant took the value of 0.9. For unit (5) (Figure 10) , and ANN-4/3/2/1, RPROP training algorithm and TANH activation function were chosen. The parameters of the RPROP were η + = 1.2 and η − = −0.5, as recommended in references [41, 42] . Initial values of weight coefficients were chosen randomly from the range [−0.5, 0.5]. All of the inputs and outputs were normalized in the interval between 0 and 1 by linear scaling. The chosen number of learning epochs was 1000, to avoid overtraining. After 30 repetitions of the modeling process, the most successful result, which was rated by the lowest root mean squared error on single tests points, was chosen as relevant. The error of the adopted model is estimated as the mean RMSE of all the generated ANN models. Performance metric values of the adopted final data table numerical model of REE extraction process (Figure 13 ), are RMSE train = 0.856, for all of the training data sets and RMSE test = 3.268, for all the test single points. The adopted final model (6), depended on four input variables, and its response surface could not be presented in a three-dimensional (3D) diagram. In order to visualize the prediction result, some 3D plots of the response surface were obtained by maintaining some selected factors constant. Some typical diagrams are shown in Figure 13a ,b. 
Validation of the Model and Scale-up
Validation of REE Extraction Model and Obtained Optimal Process Regimes
In Section 4, the realized CCD plan for dry digestion and the leaching process, was presented. Using the obtained experimental results, mathematical models of the investigated process were created in MLR, SWR, and ANN forms. Final ANN data table numerical model for TREE extraction, given in Figure 13 , was adopted as adequate. Based on this model the optimum intervals for the values of predictor variables are determined. These optimized intervals define the optimal regimes for the high performance of the REE extraction process. The optimal intervals for the parameters in stage I and stage II are: hydrochloric acid to concentrate ratio between 1.3 and 1.50, water to concentrate between 2.3-2.5 L/kg, leaching temperature between 20 • C and 25 • C (no external heating), and leaching time between 40 and 60 min. Under these conditions, the model predicted TREE extraction between 86% and 90%. However, considering the cost of REE extraction, in order to obtain and confirm the final values of optimal parameters that would be applied to the pilot scale-up system, some validation experiments were performed in the lab. The operation process was the same as the experiments in the adopted CCD plan. In accordance with the above, four additional experiments were carried out. Each of these four experiments (Table 5) was realized under the same leaching temperature-20 • C. The mean TREE extraction efficiency for these four experiments, under laboratory conditions, was 89.49% and mean RMSE was RMSE ANN = 1.65. The obtained results confirmed the adequacy of the adopted ANN model, which was the basis for selecting the optimal regime of the REE extraction technological procedure on the scale-up level.
Dry Digestion and Leaching Process Scale-Up
The laboratory results were validated at one newly built demonstration plant at the IME, RWTH Aachen in order to provide more detailed knowledge of the REE extraction process before industrialization application. Treatment of 500 kg of eudialyte concentrate was performed using two dry digestion reactors (as shown in Figure 14) under the optimal values of process parameters that were obtained using adopted ANN model (Figure 13 ), described in Section 6.1.
There were two reactors for dry digestion process at the demonstration plant and the capacity of each reactor was 40 L. When considering that the slurry was thick after mixing the acid and eudialyte concentrate, the handling capacity was controlled not to exceed a maximum of 6 kg concentrate per reactor. After performing dry digestion and leaching adding specified amounts of water and transferring the slurry to a large tank (200 L), leaching was then carried out at the temperature of around 20 • C. After neutralization with limestone until the pH reached 4.0, the slurry was pumped to a filter press and the separation of solid and liquid was achieved. The final REE enriched solution was obtained after washing the filter cake, and the composition of the REE enriched solution is shown in Table 6 . The experiments were repeated 3-5 times per day. In total, 48 experiments were realized on the scale-up demonstration plant. The mean overall TREE extraction efficiency under adopted optimal regimes defined by model given in Figure 13 was 86.9%. 7. Discussion
REE Extraction Modeling and Optimal Regimes
The discussion related to the selection of significant predictors in the REE extraction process, the variation intervals of these predictors, the applied CCD experimental plan and the developed mathematical MLR, SWR, and ANN models, with their accuracy and properties, are given in Sections 4 and 5. The reliability of the ANN model is enhanced by utilizing the LOOCV method. ANN is a nonlinear model capable of incorporating the nonlinear effects of predictor variables and their combined effects on the response variables. This model is also capable to overcome the high levels of noise that characterize the REE extraction process. For these reasons, the adopted ANN model shows better performance and accuracy (RMSE test = 0.413) models. The validity of the adopted numerical ANN model that is shown in Figure 13 was confirmed under laboratory conditions (Table 5 ). Optimal variation intervals of the process parameters that predict the maximization of the TREE extraction efficiency from the eudialyte ore (Section 6.1) were determined. As previously described, the expected TREE extraction efficiency is in the range of 86 to 90%.
Tests at the IME RWTH Aachen demonstration plant, under optimal regimes, resulted in an overall average TREE extraction efficiency of 86.9%. The chosen parameter values offer the prevention of silica gel formation. Such results additionally confirm the feasibility of the proposed and designed REE extraction process from eudialyte concentrate and its potential for industrial application. The ratio between concentrate and hydrochloric acid is enough to dissolve rare earth elements from eudialyte concentrate. The leaching time with water between 40 and 60 min is shorter in comparison to the acid baking process and other hydrometallurgical processes under an atmospheric pressure.
Previous models and discussions have indicated that the leaching temperature does not have a significant effect on the TREE extraction efficiency. This fact is of great importance because it has a positive effect both on reducing the costs of REE extraction (no external heating) and on avoiding very complex problems that are related to the types of materials from which reactors and other equipment are made. Additionally, this may have a positive effect on avoiding problems related to corrosion at high temperatures.
To further explore the REE extraction process, additional, potentially significant predictors should be included in the analysis. The first possibly significant predictor, which will be considered in future research, is stirring rate. Potentially, this predictor can influence both the prevention of silica gel formation and the overall duration of the process.
Phase Changes during REE Extraction
During the REE extraction process there are also phase changes. The analysis and discussion of these changes, in the solid residue, after dry digestion of the eudialyte concentrate with HCl, leaching with water, filtration, and overnight drying, is given in the following text.
As can be seen from Figure 15 , the particles of eudialyte leach residue had irregular sizes and the agglomeration of particles could be observed. Figure 16 reveals the mineral composition of the leach residue. Eudialyte residue represented Si-O rich residue phase produced in digestion process, it could not be dissolved into the solution so that the presence of Si in the leaching solution was very low. The SEM result (Figure 17 ) confirms the same morphological characteristics. It can be explained by the fact that siliceous precipitation formed after HCl treatment can inhibit the leaching of REE. In Figure 18 , the REE elemental mapping of eudialyte concentrate and leach residue are given together for the comparison purpose.
The field scan image of eudialyte concentrate in Figure 18 reveals that REE were inhomogeneous and mainly existed in the eudialyte phase. After acid digestion and leaching, few REE was detected in the phases of eudialyte and altered eudialyte. 
Conclusions
Taking into account the state of the art regarding rare earth elements and the foreseeable, significant increase in the use of REE in various technological domains in the near future, the following assumptions have been made in this study: (a) the REE extraction process from eudialyte concentrate can be carried out at room temperature with a leaching time period that is not exceeding the leaching time periods used in other studies and with an acid concentration that is not higher than the acid concentrations used in other studies, (b) the REE extraction process can, on the basis of an optimal CCD plan, be modeled with a set of suitable MLR, SWR, and/or ANN models, (c) based on the most suitable mathematical model, optimal technological regimes can be determined, which allow for a satisfactory REE extraction efficiency, and (d) a scale-up demonstration plant can verify the feasibility and the efficiency of eudialyte concentrate treatment at low leaching temperatures.
The novelty in this study is the application of the DOE paradigm, the CCD optimal design of experiments, and the creation of a number of mathematical MLR, SWR, or ANN models, which more deeply describe the REE extraction process from eudialyte concentrate. Based on the realized CCD plan under laboratory conditions, various MLR, SWR, and ANN models of dry digestion and leaching process were created and used to predict the effects of various parameters such as hydrochloric acid to eudialyte concentrate ratio, water for leaching to eudialyte concentrate ratio, leaching temperature, and leaching time on the TREE extraction efficiency. The ANN model, which is based on LOOCV, was selected as the most suitable by the authors of this paper. ANN is a nonlinear model capable of incorporating the nonlinear effects of predictor variables and their combined effects on the response variables. This model is also capable to overcome the high levels of noise that characterize the REE extraction process. The reliability of the ANN model is improved with the use of the LOOCV method. For these reasons, the adopted ANN model shows better performance and in comparison with and SWR models. This approach for the extraction of rare earth elements during dry digestion and leaching process is missing in literature, and not present in previous work of Voßenkaul [24] . The research reported in this paper, also as a novelty, explored the feasibility and efficiency of the REE extraction process at room temperature on a scale-up demonstration platform that precedes future industrial application. Information on upscaling operations for treatment of eudialyte is also missing in overall literature.
In this study, it was confirmed that the proposed process is capable of achieving high REE recovery from an eudialyte concentrate during dry digestion with hydrochloric acid and leaching with water, avoiding silica gel formation and lowering operation costs (no heating for dry digestion and leaching). Based on the modeling results (as shown in Figure 13a,b) , the optimal parameters in stage I and stage II are: hydrochloric acid to concentrate ratio between 1.3 and 1.50, water to concentrate between 2.3 and 2.5 L/kg, leaching temperature between 20 • C and 25 • C (no external heating), leaching time between 40 and 60 min. Finally, using the four parameters from the optimal range, the scale-up test was conducted at the IME-demonstration plant and the overall efficiency of the TREE extraction was 86.90%, which confirmed the feasibility and achieved good performance.
In comparison to the other process with sulphuric acid: Acid baking (250-300 • C; duration 2-4 h) [49] and Kvanefjeld process (80-95 • C, with a duration of approximately 16 h for the first and second leaching phase) [50] , our REE extraction process is an environmentally friendly process, at room temperature, with a duration of approximately 2 h. During our research, we found that the leaching temperature has no significant influence on the increase of the extraction efficiency. Consequently, our proposed process is cheaper than other mentioned processes.
The obtained results are very promising, and will be used in our future work in order to propose and design a new dry digestion reactor (approximate volume 100 L) for an industrial application. This reactor might be used, not only for the treatment of a eudialyte concentrate, but also for a Bauxite residues (red mud) from the aluminum industry, what is mentioned in our newest publication in Nature [25] . Our future research will also take into consideration the stirring rate as one of the possibly important parameters regarding the avoidance of gel formation, leaching efficiency, and the duration of the REE extraction process.
